ABSTRACT: We present empirical downscaling of 5 state-of-the-art AOGCMs (Atmosphere-Ocean General Circulation Models) to investigate potential changes in wind speeds and energy density in northern Europe. The approach is based on downscaling the Weibull parameters of wind speed probability distributions from AOGCM-derived 500 hPa relative vorticity and sea-level pressure gradients, and is demonstrated to generate accurate depictions of the wind climate during the transfer function conditioning period. Bootstrapping is used to develop 100 realizations for each downscaling period and these are used to assess the uncertainty in the results due to stochastic effects in the AOGCM-derived downscaling predictors. Projected changes in the wind speed probability distribution vary with the AOGCMs from which the predictors are derived, but generally it is shown that mean wind speeds, 90th percentile wind speeds and energy density are slightly lower in the 2081-2100 climate projection period than during at the majority of the 46 stations studied. Conversely it is found that there is no significant difference between conditions during 2046-2065 and 1961-1990 based on the ensemble of downscaling results. Equally, the winter time of 2046-2065 is largely indistinguishable from for the majority of stations, while the winters of 2081-2100 appear to be associated with lower mean and 90th percentile wind speeds and energy density.
INTRODUCTION
Potential changes to wind regimes as a result of an evolving global climate have received less attention from the climate community than either temperature or precipitation, and those studies that have addressed atmospheric flow regimes tend to focus on storm climates (Lionello et al. 2003 , Lozano et al. 2004 , Weisse et al. 2005 ) and wind speed extremes (Kharin & Zwiers 2000 , Yan et al. 2002 , or gusts (Jungo et al. 2002) . Changes in the probability distribution of wind speeds have consequences for thermal comfort, structural design (Ambrose & Vergun 1997), wind energy (Sailor et al. 2000) , agriculture and forestry (Nilsson et al. 2004) , erosion (Arbogast et al. 1997 ) and evapotranspiration (Hsu 1988 ). In addition, wind and wave fields are strongly coupled (Lionello et al. 2003) , and changing near-surface wind speeds impact both surface fluxes (Simmonds & Keay 2002) and surface roughness (Knippertz et al. 2000) as well as ocean mixing (Yang et al. 2004) .
Due to the relatively high degree of spatial heterogeneity (see for example Fig. 1 ), wind speeds have to be downscaled from large-scale AOGCM (AtmosphereOcean General Circulation Model) output for impact studies (Bogardi & Matyasovszky 1996 , Lionello et al. 2003 . Dynamical downscaling might be considered theoretically superior, but rigorous comparisons are few in number (Mearns et al. 1999) , and empirical modeling has been shown to give comparable or better per-formance than regional coupled models for some parameters (Kidson & Thompson 1998 , Goddard et al. 2001 . Empirical downscaling may prove preferable in the current context due to the need to reproduce local rather than mesoscale wind speeds for many applications (dynamical models run at scales of 10 to 40 km are unable to capture the full variability of 10 m wind speeds; de Rooy & Kok 2004 , Räisänen et al. 2004 . Pryor et al. (2005c) present a novel approach to empirical downscaling of wind speeds where the predictands are the parameters of the wind speed probability distribution at a specific location (rather than time series of wind speeds) (Sailor et al. 2000 , Lionello et al. 2003 and the predictors are parameters of the probability distributions of the sea-level pressure gradient and 500 hPa relative vorticity. We propose that this approach is advantageous because: (1) It avoids a focus on mean conditions and underestimation of variance (due to truncation of the probability distribution), and hence generates a more robust representation of the upper percentiles of the wind speed probability distribution. (2) It generates output that is accessible to, and more strongly coupled to, the needs of user communities such as the wind energy industry who are familiar with Weibull distribution statistics and use them routinely to assess wind energy density. (3) It avoids difficulties associated with reproducing the time structure of wind speeds, while offering the end user the opportunity to reconstruct a time series conforming to the derived probability distribution parameters. (4) Observations and AOGCM output are frequently either displaced in time and/or sampling interval requiring a time adjustment or averaging to longer sampling times (Huth 2005) . However, this technique does not resolve changes in wind direction, and although a time series can be derived from the probability distribution parameters the temporal autocorrelation must be independently applied.
Here we extend the approach of Pryor et al. (2005c) by implementing a bootstrap resampling technique (Lunneborg 2000) to ascertain the uncertainty in derived Weibull parameters and applying our downscaling approach to output from 5 coupled AOGCMs made available for the upcoming 4th Assessment Report of the Intergovernmental Panel on Climate Change (IPCC).
STUDY REGION AND DATA SETS

Study area
The geographic focus of this research is northern Europe, and specifically the Baltic region (Fig. 1 ). Increased prevalence of higher wind speeds was observed in this region during the last half of the 20th century, while wind speeds in central/southern Europe decreased slightly (Yan et al. 2002 , Pryor & Barthelmie 2003 , Pryor et al. 2005b . These changes in nearsurface winds are demonstrably linked to the increased prevalence of positive phase North Atlantic Oscillation, are in accord with studies of storm frequencies in the north Atlantic (Weisse et al. 2005) , and were more pronounced in winter.
Data sets
2.2.1. AOGCMs. We employ daily sealevel pressure and 500 hPa zonal and meridional wind speed components from 5 AOGCMs (Table 1) , to derive the downscaling predictor variables. For each model, we use data from 2 experiments: Climate of the 20th Century (C20th, i.e. historical forcing) and IPCC SRES A2 (IPCC 2000) . Within these 2 experiments we use 3 time periods: 1961-2000 (C20th), 2046-2065 (SRES A2) and 2081-2100 (SRES A2).
ECMWF reanalysis (ECMWF).
Daily sea-level pressure and 500 hPa zonal and meridional wind speed components from the ECMWF reanalysis (Table 1) are used here principally to evaluate simulation of the predictor variables by the AOGCMs. The ECMWF reanalysis was selected for this purpose partly because it has recently been demonstrated to produce a more comprehensive climatology of North Atlantic cyclones at all scales than the NCEP/NCAR reanalysis data (Hanson et al. 2004) . 2.2.3. Near-surface wind speeds. Near-surface wind speeds at 46 stations that conform to a Weibull distribution provide the focus of the downscaling, and are those used in Pryor et al. (2005c) . They are drawn from 2 sources: (1) International Surface Weather Observations (1982 Observations ( -1997 , and (2) Integrated Surface Hourly Observations (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (Lott et al. 2001) . These data sets are available from NCDC (www.ncdc.noaa.gov/ oa/ncdc.html).
Time series of the hourly average 12 GMT observations of wind speed were extracted from stations within the study region (Fig. 1) for the period 1982-2000. For comparability with our previous research we interpolated the wind speeds from measurement height to 10 m using the power law with an exponent of 1/7 (Hsu 1988) .
METHODOLOGY
Within our downscaling approach the wind speed probability distribution is represented using the 2 parameter Weibull probability density function (Johnson et al. 1995): (1) where k is a dimensionless shape parameter (a measure of the peakedness of the distribution), A is the scale parameter (a measure of the central tendency), U is the time series of wind speed observations, and p(U ) is the probability density function.
The A and k parameters can be used to compute an 'expected' energy density:
where Γ is the gamma function and ρ is air density.
The Weibull distribution parameters can be derived from, or used to derive, other descriptors of the probability distribution as follows: : 183-198, 2005 where U -is the mean wind speed, U x ·100 is the (X · 100)th percentile wind speed and U 50% is the median wind speed. The large-scale predictors used in the empirical downscaling are moments of the probability distributions of relative vorticity (ζ) and sea-level pressure gradient (PG). These variables are computed as follows:
• ζ is computed at 500 hPa based on the archived u-and v-components of the wind speed fields . Vorticity is used as a metric of the degree of vertical motion at the synoptic scale and hence momentum transfer from aloft.
• PG (computed as the maximum between adjacent AOGCM grid points in any of 8 directions) are computed from sea-level reduced pressure fields. Pressure gradients were selected to represent the nearsurface regional forcing of winds.
A fundamental component of empirical downscaling is the presumption of stationarity in the functional relationships between the predictor/s and predictand/s. This assumption similarly applies to the functional relationships within parameterizations used in dynamical downscaling approaches (Wilby et al. 2004) . It is likely that the parameters used herein are relatively robust to the assumption of stationarity given that the linkages between the predictors and predictands are dynamic rather than thermodynamic and hence are relatively insensitive to changes in, for example, soil moisture content that may exhibit substantial changes in the future (Pan et al. 2004 , Brabson et al. 2005 . Further, it is rather unlikely that the predictors will exhibit 'no analogue' conditions in the future since, for example, the magnitude of relative vorticity is physically bounded by the instability of negative absolute vorticity. The probability distributions of relative vorticity and sea-level pressure gradients exhibit only modest changes in the climate projections from the 5 AOGCMs used here (example in Fig. 2 ). Vorticity closely approximates a Gaussian distribution, supporting the use of mean and standard deviation of this parameter in the downscaling, while the probability distribution of the pressure gradients is highly skewed, hence only the mean of the sea-level pressure gradient distribution is used as a predictor.
Our downscaling methodology is based on multiple linear regression, in which the monthly station-specific Weibull parameters (computed from the observed data: [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] are the predictands and the monthly mean and standard deviation of AOGCMderived relative vorticity (ζ) and the monthly mean sea-level pressure gradients (PG) are the predictors. Hence, each observation of, for example, relative vorticity during any January day in the conditioning period is used to calculate the probability distribution from which the mean and standard deviation are computed. This procedure is then repeated for every other calendar month to generate a sample of 12 values for each of the parameters (one for each month) that are used to derive a regression equation for each of the Weibull parameters: (6) (7) where i is the station, j is the value of the circulation parameters for the AOGCM grid cell containing the station, and c 1..6 are the regression coefficients. Use of data at the monthly time scale to condition the downscaling equations allows representation of a range of realizations of all parameters, and as noted in Pryor et al. (2005c) , inclusion of each the predictors increased the variance explanation for either the Weibull A or k parameters (examples in Tables 2 & 3) . For all stations and all AOGCMs the r 2 of the regression equations (Eqs. 6 & 7) for Weibull A and k exceeds 0.8.
The Weibull parameters computed for each station are used in Eqs. (6) & (7) to determine the regression coefficients for predictors derived from each AOGCM and the ECMWF reanalysis (see example in Table 3 ). The resulting equations are thus specific to each AOGCM and/or the ECMWF data set and are then used to derive the Weibull A and k parameters at each station for the following time periods: (a) 1982-2000; (b) 1961-1990; (c) 2046-2065; (d) 2081-2100. The output for the first 2 periods (a and b) are drawn from simulations of the C20th. The analysis for the 2 climate projection periods (c and d) are undertaken using predictors from AOGCM simulations conducted using the A2 emission scenario. Dynamical downscaling for this region using the Rossby Centre Regional Climate Model (RCAO) with boundary conditions from the ECHAM4/OPYC3 AOGCM indicates wind speed increases in 2071-2100 relative to the end of the 20th century during the winter season (Räisänen et al. 2004 , Pryor et al. 2005a ; hence, the same analysis is also undertaken for the winter periods (December to February) of (a) to (d). The resulting downscaled Weibull parameters for each station and time period are then used to compute the mean wind speed, energy density and wind speed probability distribution.
In a modification of the technique described in Pryor et al. (2005c) , we use bootstrap resampling of the time series of the predictors to assess whether the distributions of the relative vorticity and sea-level pressure gradients are influenced by stochastic effects and whether these substantially bias the downscaling of the Weibull parameters at each site.
RESULTS
Evaluation of the AOGCM simulation of the predictor variables
To assess the realism of the predictor variable simulation by the AOGCMs described in Section 2.2.1, Taylor diagrams (Taylor 2001) were constructed using ECMWF reanalysis data and AOGCM simulations from the late 20th century for a domain of 10°W-50°E and 40-85°N (i.e. enclosing the smaller domain for which the downscaling was conducted; 3-33°E, 51-71°N). For each data set, the monthly means (relative vorticity and sea-level pressure gradient) and standard deviations (relative vorticity only) of the daily grid point predictors were computed on the original model grid. For computation of the quantities needed for the Taylor diagrams, the ECMWF means and standard deviations were interpolated to the appropriate AOGCM grid using inverse distance weighted interpolation.
4.1.1. Relative vorticity. The Taylor diagrams for the monthly means of relative vorticity (Fig. 3 ) indicate that the model mean fields generally exhibit large positive correlations with the ECMWF reanalysis data and that the levels of variability in the mean fields are generally well reproduced by the coupled AOGCMs. As shown in Fig. 3 , relative vorticity computed from 3 of the models (GFDL, MIROC, and MRI) exhibit monthly correlations with the ECMWF reanalysis data which range from 0.35 to 0.95. For these 3 models, normalized standard deviations of the grid point values Table 2 . Values of the downscaling predictands and predictors for the Copenhagen station in the station data and in analyses conducted using output from the GFDL AOGCM comprising the mean fields are within 30% of those from the ECMWF reanalysis. For the remaining 2 models (GISS and IPSL), the monthly mean relative vorticity patterns exhibit substantial differences from the ECMWF reanalysis relative vorticity field and the resulting correlations are much lower (as low as 0.14 and -0.08 for individual months from the GISS and IPSL models, respectively). These models also exhibit weaker agreement with ECMWF reanalysis data in terms of the spatial variability in the monthly mean relative vorticity fields. This is particularly true for the GISS model, for which the standard deviation of values comprising the AOGCM-simulated mean relative vorticity field is twice as large as that for the ECMWF reanalysis during the summer months. This discrepancy may be due in part to interpolation of the ECMWF data onto the coarse grid of the GISS model.
Although the correlations between AOGCM-simulated and ECMWF-derived fields of the standard deviation of relative vorticity are high (> 0.64 in all months, excepting MIROC; Fig. 4) , there is too little variability in the AOGCM-simulated fields relative to the ECMWF reanalysis, with the exception of the GISS model, which overestimates the variability in the field (by a factor of 2 to 3 for most months). This underestimation is most pronounced in the MIROC model (Fig. 4) , for which the spatial variability in the standard deviation relative vorticity field is typically less than 50% of that found in the ECMWF reanalysis. Examination of the grid point relative vorticity standard deviations shows that the models, excepting GISS, also underestimate the magnitude of variability at the grid point level. For 4 of the models (GFDL, IPSL, MIROC, and MRI), standard deviations of relative vorticity are lower than those in the ECMWF reanalysis at every grid point during every month.
4.1.2. Sea-level pressure gradient. Agreement between AOGCM-simulated and ECMWF monthly mean sea-level pressure gradients is superior to that for relative vorticity for each AOGCM considered (Fig. 5 ). As with relative vorticity, simulations from GFDL, MIROC, and MRI exhibit higher correlations with ECMWF data than GISS and IPSL. For these 3 models, monthly correlations are always > 0.76 (the correlation for each month is > 0.90 for the GFDL model and > 0.84 for MRI). However, as shown in Fig. 5 , these 3 models underestimate the variability in the monthly mean sealevel pressure fields. Monthly correlations for the remaining 2 models, GISS and IPSL, are slightly lower (> 0.68 and 0.34 for GISS and IPSL, respectively). The IPSL model additionally exhibits a substantial underestimation of the spatial variability in the mean field (model variability ranges from 40 to 60% of ECMWF variability). Unlike the other AOGCMs, the GISS model exhibits greater variability in the mean sealevel pressure gradient field relative to the ECMWF data (Fig. 5) . Examination of the mean sea-level pressure gradient fields (not shown) indicates that GFDL, MIROC, and MRI fail to reproduce an area of weak sea-level pressure gradients along the southern border of the study region. Because our downscaling approach only incorporates AOGCM information from the nearest grid point to the surface station, this should not affect the models performance with respect to the empirical downscaling. The lower correlations and greater disparity between ECMWF and AOGCMsimulated variability for GISS and IPSL, however, results from (1) failure to capture the general pattern of the mean sea-level pressure gradient or (2) large differences in the variability of the values comprising the mean sea-level pressure field. 4.1.3. Summary of the evaluation of AOGCM predictors. The AOGCM evaluation results indicate that these models exhibit varying abilities to reproduce the downscaling predictors. There is no individual model that properly simulates all aspects of the 3 predictor variables (mean and standard deviation of relative vorticity and mean sea-level pressure gradient), but in general it appears that the GFDL, MIROC and MRI models most closely approximate the ECMWF fields. The discrepancies between AOGCM simulations of the predictors and the reanalysis data emphasizes the necessity of employing a Model Output Statistics (MOS) based empirical downscaling approach for this application.
Application of the empirical downscaling approach to Copenhagen
As an example of the implementation of the downscaling procedure, in this section we describe results from Copenhagen, Denmark. Downscaled wind speed probability distributions at Copenhagen for the 5 AOGCMs and the 3 temporal windows are slightly less peaked than those derived using ECMWF data (Fig. 6) . The wind speed distribution downscaled for 1961-1990 from the ECMWF also exhibits a peak frequency at slightly higher wind speeds, which is best matched by downscaling using the MRI model output (Fig. 6 ), but downscaling of all models appears to reasonably simulate the characteristics of the wind speed distribution. The wind speed probability distributions derived from all the AOGCMs in the climate projection periods are relatively similar to those from but, where present, differences are predominantly associated with decreasing Weibull A and k parameters.
Although the projected changes in Weibull A and k parameters are small (see for example Table 2), the associated changes in the mean wind speed, 90th percentile wind speed and energy density are not negligible (Fig. 7) . The range of the 100 bootstrapped realizations of these 3 wind parameters is largest for the GISS and IPSL models. This feature is common to other grid cells and stations for which downscaling was performed. It may indicate that these models exhibit the largest temporal variability of the predictors and may be related to the finding (Section 4.1) that the GISS Lower mean wind speed is not uniformly associated with lowering of the 90th percentile wind speed. Instead there is evidence in some cases for a broadening of the probability distribution and hence increased variability. For example, Fig. 7a shows downscaling results from the GFDL model which exhibit reduction in the mean wind speed in 2081-2100 relative to 1961-1990 but an increase in 90th percentile wind speed due to the combined impact of changes in the Weibull A and k parameters.
The predictor responsible for the change in the Weibull parameters is variable from site to site and AOGCM to AOGCM. As shown in the example from Copenhagen (Table 2) , all 3 predictors from the GFDL model differ between the control run ) and the 2 future periods.
Empirically downscaled wind speed parameters for 1961-1990, 2046-2065 and 2081-2100
Fig. 8 synthesizes the downscaling results for both climate projection periods for all 46 stations using the confidence intervals for the empirically downscaled wind parameters derived using bootstrap resampling of the time series of relative vorticity and sea-level pressure gradients to generate 100 realizations of the predictors used in the regression equations of Weibull A and k for each site. The resulting Weibull parameters are used to generate 100 realizations of the mean and 90th percentile wind speeds and energy density. The upper 3 images in each frame show comparison of the 100 bootstrapped data sets of downscaled Weibull A and k as manifest in mean, 90th percentile and energy density from 2046-2065 relative to . The lower 3 images in each frame show the same comparison but for the 2081-2100 period relative to . As an example, results for downscaling of the GISS AOGCM output (Fig. 8b) indicate that at most sites the 100 bootstrapped Weibull A and k realizations generate mean wind speeds for that exhibit substantial overlap with the 100 downscaled mean wind speeds from 2046-2065. However, the 90th value of mean wind speed from the ranked bootstrapped data set for 2081-2100 is lower than the 10th value in the ranked bootstrapped data set for at over half of the stations. during the 1961-1990 period) (Fig. 7) . Additionally, (a) GFDL 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 (b) GISS 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 (c) IPSL 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 Fig (d) MIROC 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 3 (e) MRI 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 (a) GFDL 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 3 (b) GISS 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 (c) IPSL 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 Fig. 9.
For the winter season (Fig. 9) , downscaled results using output from the GFDL, GISS and MRI models exhibit no changes between 1961-1990 and 2046-2065 while the IPSL and MIROC models suggest the future period will exhibit lower mean and 90th percentile wind speeds and energy density during the winter. The models are more consistent for 2081-2100 with downscaling to the majority of stations generating lower wind speeds and energy density in the winter than during . It is noteworthy that there is some evidence of differential behavior of stations in the Scandic Peninsula relative to the rest of the study region. For example, in downscaling from the GFDL AOGCM 3 out of 4 sites in the southwest of Norway exhibit higher 90th percentile wind speeds and energy density in the winters of 2081-2100 than characterize winters during 1961-1990. Much emphasis has been recently placed on comparing the estimate of change in a given climate parameter relative to the uncertainty in the projections arising from uncertainty in initial conditions, adopting different scenarios of future greenhouse gas concentrations, and the climate system response as manifest in multiple AOGCM formulations ( 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 (e) MRI 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2046-2065 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 2081-2100 / 1961-1990 fashion that summarizes both the degree of consistency of the sign of the results (i.e. the sign of the difference between parameter estimates in the projection periods relative to the reference period; and the magnitude of the range of changes calculated as the normalized change of the wind speed parameter at each station from the 5 AOGCMs. In this comparison only the 'best guess' downscaling results are used (i.e. those derived from the AOGCM predictors without application of bootstrapping) and all AOGCMs are given equal weighting. Downscaling results for the 2081-2100 climate projection period indicate generally lower mean wind speeds, 90th percentile wind speeds and energy density relative to 1961-1990 from all 5 AOGCMs at the majority of the 46 stations studied (Fig.  10) . The results from the climate projection period of 2046-2065 are much more ambiguous and show much greater disparity between AOGCMs, with some models showing increased mean wind speeds at particular stations, while others show decreases. Generally it is found that there is no significant difference between conditions during 2046-2065 and 1961-1990 based on the ensemble of the model results.
DISCUSSION AND CONCLUSIONS
We present results of application of empirical downscaling tools to output from 5 state-of-the-art AOGCMs to investigate projected changes in wind speeds and energy density in northern Europe. Of the 5 AOGCMs tested the GFDL, MIROC and MRI models appear best able to reproduce the downscaling predictors (mean and standard deviation of relative vorticity at 500 hPa and mean sea-level pressure gradients) during 1961-2000 relative to the EMCWF reanalysis data set.
Individual station locations differ both in terms of the degree of coupling to the regional scale flow (and hence the form of the transfer functions), and the projected changes in wind speed regimes. Nevertheless we demonstrate that this downscaling approach generates accurate depictions of the wind climate during the transfer function conditioning period and generally consistent results from the 5 AOGCMs. Further, our approach illuminates differential changes in the wind speed probability distribution such as a decrease in mean but an increase in the 90th percentile wind speed, which may be less well captured by time series techniques. The approach used here is, however, subject to a number of caveats. For example, there are limitations in the suitability of the Weibull distribution to wind speeds in some regimes (Takle & Brown 1978) . Additionally, long-term wind records are difficult to obtain and frequently exhibit discontinuities resulting from changes in measurement technique or height (Klink 2002) . We have assumed that the records we use herein are sufficient to establish a robust wind climate for the downscaling conditioning period and have used data only from sites where the Weibull distribution is a good representation of observed wind speeds during the conditioning period.
Projected changes in the wind speed probability distribution are sensitive to the selection of the AOGCMs from which the predictors are derived, but generally it is shown that in the 2081-2100 climate projection period, mean wind speeds, 90th percentile wind speeds and energy density are slightly lower than during at the majority of the 46 stations studied. However, there is no significant difference between conditions during 2046-2065 and 1961-1990 based on the ensemble of downscaling results. Equally, the winter time of 2046-2065 is largely indistinguishable from for the majority of stations, while the winters of 2081-2100 appear to be associated with lower mean and 90th percentile wind speeds and energy density. Accordingly, future work will focus on application of this empirical downscaling technique to AOGCM simulations of the entire 21st century to provide a more complete description of decadal variability in downscaled wind speeds and more detailed comparisons of dynamically and empirically downscaled wind speeds.
